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ABSTRACT
The efficiency and generalizability of a deep learning model is based on the amount and diversity of training data.
Although huge amounts of data are being collected, these data are not stored in centralized servers for further data
processing. It is often infeasible to collect and share data in centralized servers due to various medical data
regulations. This need for diversely distributed data and infeasible storage solutions calls for Federated Learning (FL).
FL is a clever way of utilizing privately stored data in model building without the need for data sharing. The idea is
to train several different models locally with same architecture, share the model weights between the collaborators,
aggregate the model weights and use the resulting global weights in furthering model building. FL is an iterative
algorithm which repeats the above steps over defined number of rounds. By doing so, we negate the need for
centralized data sharing and avoid several regulations tied to it. In this work, federated learning is applied to gaze
recognition, a task to identify where the doctor’s gaze at. A global model is built by repeatedly aggregating local
models built from 8 local institutional data using the FL algorithm for 4 federated rounds. The results show increase
in the performance of the global model over federated rounds. The study also shows that the global model can be
trained one more time locally at the end of FL on each institutional level to fine-tune the model to local data.

1. INTRODUCTION
Advancements in data-driven machine learning [1 ,2] have inspired various industries to collect volumes of data and
perform predictive modelling. Healthcare is one such domain to adopt machine learning and deep learning [3-5].
Various innovations and advancements in artificial intelligence (AI) research have led to disruptive healthcare
technologies [6, 7]. The huge volumes of data available for modelling inspires various machine learning solutions.
These data are often collected, stored, processed, and modelled locally and in a decentralized manner [8, 9]. While
these decentralized and local models serve the purpose for local institutions, these AI solutions are often applicable
only to a subset of group and lack diversity. These locally available de-centralized data often follow different
distribution and are subjected to biases (demographics like age, gender, geographic location or technical imbalances
like acquisition, protocol, equipment manufacturing) affecting the performance of the AI models. These local data
collected and used within single institutional sites such as clinics, laboratories, or research institutes restricts data
diversity. Hence, collaboration and communication between institutions across national borders and research teams
are increasingly becoming a necessity. Collaborative data sharing (CDS) techniques allows data collected by
individual institutions could be shared, processed, and modelled. These shared data come from different
distributions and hence, would add data diversity and attribute to better AI models.
While the idea of data sharing may sound straight forward, CDS has its own challenges. Using and sharing medical
data, however, is restricted by regulatory systems that protect privacy. Depending on the context in which they are
used and how they are related to other information, medical data, whether processed by healthcare providers in
the delivery of healthcare or by researchers in the furtherance of generalizable knowledge, can be highly sensitive
[10]. Studies have shown that most adults are concerned about the security and privacy of their [medical] data, and
such concerns are associated with an increased likelihood of non-disclosure of sensitive information to a healthcare
professional [11]. The vast number of data regulation and privacy policies limit data sharing capabilities. As of 2015,
at least 109 countries in the world had data privacy laws in force [12]. In the United States, data storage, access,
and sharing of medical and personal information of any individual is addressed in the HIPAA Privacy Rule. The HIPAA
Security Rule outlines national security standards to protect health data created, received, maintained, or
transmitted electronically [13]. The HITECH Act supports the enforcement of HIPAA requirements by introducing
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penalties for health organizations that violate HIPAA Privacy and Security Rules. Any institution that deals with
protected health information must ensure that all the required physical, network, and process security measures
are in place and followed.
These strict policies in place make it close to impossible to efficiently share data. Alternatively, federated learning is
a machine learning setting where multiple entities (clients/ institutions) collaborate in solving a machine learning
problem, under the coordination of a central server or service provider. Each client’s raw data is stored locally and
not exchanged or transferred; instead [8]. Federated Learning is seen as the future of digital health and solution for
de-centralized collaborative learning [14 – 19]. This directly addresses the concerns with data sharing and privacy
regulations. By local training of models and aggregation to produce global models, the methodology is simplified
tremendously. Only the model weights are shared between them and research [30-34] shows the effectiveness of
federated learning over traditional centralized training approaches.
In this work, a gaze recognition model is built on multi-institutional data using federated learning. In gaze
recognition, Jocelyn [20] and Govindaswamy [21] argued for the need of convolutional neural networks. The learned
CNN features outperformed traditional hand-crafted features in predicting physician gaze and is seen as the way to
go forward. Fortunately, federated learning and deep learning goes hand-to-hand and works well. In this work, we
train a single global model on the multi-institutional data without any centralized data sharing. A centralized
federated learning topology is followed where model weights from the local institutions is aggregated centrally on
a server. The contribution of this work is 2-fold: (1) Implementation and evaluation of the federated learning
algorithm on gaze recognition; (2) additional local training after federated rounds to fine-tune local models; The
research questions focused on this work are as follows: Does the global model built using global data using federated
learning improve its performance over federated rounds? Do the local institutions gain by taking part in the
federation and improve its performance over federated rounds? Can the local models benefit more by further finetuning of the global model using local data at the end of federated learning?

2. BACKGROUND
2.1. GAZE RECOGNITION
Gutstein et al. [22] - [24] used video recorded patient-physician interactions to extract motion information of the
physician and the patient through optical flow algorithm [25] and You Only Look Once (YOLO) algorithm [26] to
predict physician gaze. Gutstein et al., studied 6 interactions each from 2 doctors and 5 interactions from another
doctor adding up to a total of 17 interactions. Three doctor- specific models were built using an AdaBoost algorithm
and reported high performance in predicting physician gaze. The work posed several limitations due to the nature
of clinical settings and camera angle. The most common issue was that of the doctor missing from one of the camera
views which resulted in loss of up to 76% of frames from analysis and resulted in low generalizability to other videos
capturing interactions of these three doctors with other patients. Another limitation of the work was the
performance of these doctor-specific models on interactions from other doctors. Although the doctor specific
models presented by Gutstein et al. produced high performing results, these models did not generalize well on
clinical interactions which included a different doctor.
Govindaswamy et al. [27] extended the work by Gutstein [22 - 24] by including video interactions from higher
number of doctors. The analysis was done on the image sequences to build an annotation tool for gaze recognition.
Like reference [22 -24], Govindaswamy et al. [27] also used YOLO and optical flow algorithm in predicting physician
gaze. The study worked on improving the generalizing capability of the gaze recognition model and built a model
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with an accuracy of 83%. The study also highlighted the efficiency of the model in labelling unseen new data for
doctor gaze.
Govindaswamy et al. [21] studied different set of features and different classifiers in gaze recognition. The study
used a traditional approach of image classification where features were manually extracted [22 – 24, 27] and the
hand-crafted optical flow features were used to train a random forest [28] classifier. In another approach, the study
extracted CNN-based learned features and used an end-to-end CNN model in gaze recognition. The results proved
that the learned features are better than hand-crafted features in modelling diversely distributed data. The study
also demonstrated the efficacy of the feature mapping in CNN by building hybrid architectures. The learned features
were then used to build two classifiers – random forest [28] and k-nearest neighbor [29] algorithm. The two hybrid
models were compared against an end-to-end CNN model and the results showed similar performance for the three
models. The study concluded that the efficacy of the CNN comes from the feature learning for gaze recognition and
that the choice of classifier has very less impact on the performance.
Tan et al. [20] aimed to support automated analysis of patient-physician interaction using deep convolutional neural
network with transfer learning. Tan used 15 recorded video interaction between patients and doctors and built a
deep CNN model by making use of transfer learning. Tan was able to build a robust gaze recognition model with an
accuracy of 98% and showed the efficacy of the model in reducing the time and effort that goes into manual gaze
rating. The study also showed the model’s decision-making process by visualizing using the Grad Cam algorithm.
CNNs-based methods show better accuracy than conventional appearance methods in Gaze Estimation [45 – 55].
Zhang et al. [45] proposed a CNNs-based method to estimate gaze, the method was designed based on LeNet [46]
and estimates gaze from eye images. Yu et al. [47] proposed a multitask gaze estimation model with landmark
constrain, they estimate gaze from eye images. Fischer et al. [48] extracted feature from two-eye images with VGG16 [49] to estimate gaze, they use an ensemble scheme to increase robustness of proposed method. Cheng et al.
[50] proposed a CNNs-based network which uses two-eye images as inputs and utilizes the two-eye asymmetry to
optimize whole network. Meanwhile, recent studies prove face images is effective in CNNs-based methods. Krafka
et al. [51] implemented the CNNs-based gaze tracker in the mobile devices, it estimates gaze from face and eye
images. Zhang et al. [52] proposed a spatial weights CNN to estimate gaze from face images. Deng et al. [53]
proposed a CNNs-based method with geometry constraints, it uses face and eye images as inputs and can estimate
gaze in free-head setting. Zhao et al. [54] proposed a CNNs-based method using dilated convolution to estimate gaze
from face and eye images. Xiong et al. [55] combines the mixed effects model with CNN and estimates gaze from
face images.

2.2. FEDERATED LEARNING
Sheller et al. [30] experimented different data private collaborative learning approaches such as Federated Learning
(FL), Institutional Incremental Learning (IIL), and Cyclic Institutional Incremental Learning (CIIL) on multi-institutional
data. This study highlights the effectiveness of federated learning, a novel paradigm for data-private multiinstitutional collaborations, where model-learning leverages all available data without sharing data between
institutions, by distributing the model-training to the data-owners and aggregating their results. The study shows
that federated learning among 10 institutions results in models reaching 99% of the model quality achieved with
centralized data and evaluate generalizability on data from institutions outside the federation.
Rieke et al. [31] has presented federated learning as a future of digital health. Federated learning is shown as a
promising approach to obtain powerful, accurate, safe, robust, and unbiased models. Various types of FL workflows
were discussed briefly in the study and the promise of FL in the upcoming decade is highlighted. The study also
discussed the algorithmic considerations in aggregating individual models using centralized topology. The study
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explains the impact of FL on stakeholders such as clinicians, patients, hospitals, researchers, AI developers,
healthcare providers, and manufacturers. The study defines federated learning and discusses the challenges and
considerations in adopting with federated learning approach.
Sheller et al. [32] used federated learning and two other collaborative learning methods such as Institutional
Incremental Learning (IIL), and Cyclic Institutional Incremental Learning (CIIL) in building semantic segmentation
models. The study shows ways of enabling deep learning models without sharing patient data. The results from the
study shows that the federated model performs similar to that of models trained on shared data and quantitatively
presented using the dice coefficient. The study also highlights the failure of IIL and CIIL models in multi-institutional
collaborative learning. The study presents federated learning as benchmark approach to improve trained models
without the need to share patient data, thereby overcoming potential privacy and data ownership concerns.
Li et al. [33] built a federated learning model in brain tumour segmentation using an aggregation algorithm. The
focus of the paper was however in building a privacy-securing federated learning model. The authors pointed out
the privacy loopholes in federated learning. Model inversion techniques could be employed to reconstruct training
examples from the shared model weights, and this poses a concern in the federated learning research. The authors
used the BraTS 2018 dataset to implement federated learning. The authors built a privacy-preserving federated
algorithm by injecting noise to node’s training process, distort the updates to limit the granularity of information
shared. A centralized approach was also implemented and used as a baseline. The results show that the federated
learning model produced comparable performance with a centralized approach and also implementing a privacypreserving efficient algorithm.
Sinchhean et al. [34] implemented a collaborative learning approach (federated learning) in pneumonia detection.
The task was to simply classify between normality and abnormality. The federation used 5 clients and 1 server in
implementing FL. The evaluation was done on two different unseen data. A conventional data sharing model was
trained separately and used as a baseline. The results showed an increase of 1.62% on the validation data when
using the federated learning model.

3. COLLABORATIVE LEARNING TECHNIQUES
3.1. COLLABORATIVE DATA SHARING
In collaborative data sharing (CDS), the data from multiple institutions are sent to a server and a model is built and
trained on a single centralized server. As shown in Figure 1, data from institution A and B are sent to a centralized
server Institution C. A deep learning model is initialized, built, and trained on Institution C server using the shared
data from Institution A and B. In this approach, only one machine is used to train the data. The trained model is then
shared between institutions for usage. The idea may sound very simple; however, centralizing data involves
regulatory, ethical, legal, and technical challenges [9 - 11]. CDS between many collaborators is challenging because
of the privacy and data-ownership concerns [35, 36] especially, international collaborations.
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FIGURE 1: ARCHITECTURE OF COLLABORATIVE DATA SHARING

3.2. INSTITUTIONAL INCREMENTAL LEARNING
Institutional incremental learning (IIL) is a technique where each institution performs model training sequentially.
The institutions undergo training phase sequentially as shown in Figure 2. A model is initialized and first trained on
a single institution data. This trained model is then passed on to the next institution and is again trained. Likewise,
the model is passed on to subsequent institutions and trained. The final model will be a result of a continuously
trained model on individual institutional data. The difference between CDS and IIL is that the data is shared in the
former approach while the model is shared in the latter. It is very clear that the IIL is superior in data handling, as
this approach negates the challenges involved in data sharing. However, the performance is affected in IIL approach.
The model performance drops in the case of IIL, when compared to CDS. Also, the final model created is biased
towards last training institution data.

FIGURE 2: ARCHITECTURE OF INSTITUTIONAL INCREMENTAL LEARNING

3.3. CYCLIC INSTITUTIONAL INCREMENTAL LEARNING
Cyclic institutional incremental learning (CIIL) shown in Figure 3 is very similar to Institutional incremental learning
(IIL), whereas CIIL repeats IIL to a certain number of cycles. Like IIL, CIIL also deals with the problem of “catastrophic
forgetting” [37], where the trained model favors the data it had most recently seen. The repeated cycles of training
and limited epochs per institution helps the model gradually improve, reducing catastrophic forgetting, and results
in better models than IIL. However, CIIL produced model still struggles with the bias.
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FIGURE 3: : ARCHITECTURE OF CYCLIC INSTITUTIONAL INCREMENTAL LEARNING

3.4. FEDERATED LEARNING
Like IIL and CIIL, the model is shared between institutions in Federated learning (FL) shown in Figure 4. Each
institution trains a deep learning model in parallel using the local institutional data and shares the model weights
with other institutions in the collaboration. The model weights are then aggregated and updated across all
institutions. This local institutional training, aggregation and update constitutes to 1 federated learning round. The
models are trained to a fixed number of federated rounds until the model performs well over multiple institutional
data and outside institutions.

FIGURE 4: ARCHITECTURE OF FEDERATED LEARNING

Federated learning can be implemented through different topologies. Centralized, decentralized, hierarchical, hybrid
hierarchical, sequential, aggregation [38 -40] and peer-to-peer [41, 42] are different topologies in federated learning.
The methodology is shown in Figure 5. In this work, we would be implementing federated learning through a
centralized aggregation server.
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FIGURE 5: DIFFERENT TOPOLOGIES IN FEDERATED LEARNING

4. ARCHITECTURE
4.1. DATA
Current data consists of 101 recorded video interactions between patient and physician. The data was collected as
a part of the study [43] consisting of 10 doctors and 101 patients. These videos were recorded in 5 primary care
clinics through University of Wisconsin – Madison. Although these videos were a part of the same study and all the
recorded videos follow same privacy policies and owned by single research group, we would consider these video
recordings from each doctor as a separate institution. Video data from each doctor is considered as separate
institution for the following reason – through previous study [21-24, 27] it was found that the features attributing
to the video interactions between the doctors comes from different distributions. Hence, these video data pertaining
to each doctor can be considered as a different institution. Also, this institutional data could help us in testing
different collaborative learning methods, particularly federated learning. Table I shows the indices of the doctors
and the interactions as per the original study.
TABLE I: SHOWN ARE THE INTERACTION INDICES DISTRIBUTION BY DOCTOR

Doctor
Index
1
2
3
4
5
6
7
8
9
10

Interaction index distribution per
physician
01, 02, 59, 66, 67, 73, 74, 89 - 91
03 - 08, 35 – 37
17, 21, 26 - 31, 39, 40
09 - 20, 25
22 - 24, 41 - 43, 51 – 54
32 - 34, 45, 48 - 50, 69, 80, 81
38, 44, 46, 47, 55 - 58, 61, 62
60, 63 - 65, 68, 71, 72, 75, 76, 92
70, 85 - 88, 93 – 97
77 - 79, 82 - 84, 98 - 101
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4.2. PRE-PROCESSING
The interactions between doctors and the patients recorded as per the study [43] follows a video format. The study
used 3 different cameras to capture the interaction – patient-centered camera, doctor-centered camera, and wideangle camera. The patient-centered camera focuses on the patient, the doctor-centered camera focuses exclusively
on the doctor, and the wide-angle camera gives a bird’s-eye view of the entire room capturing both the doctor and
the patient. All the 3 camera videos were then processed to a multi-channel view consisting of all the three cameras.
Different views are showed in Figure 6.

FIGURE 6: DIFFERENT CAMERA SETUPS CAPTURING THE DOCTOR AND THE PATIENT PRESENT IN A CLINICAL SETTING

4.2.1. IMAGE EXTRACTION
The videos were recorded at a frames per second of 29.97. It was found through previous study [20, 21] that doctorcentered videos are sufficient in predicting physician gaze. Hence, all the data-private collaborative models will use
doctor-centered video data in training the models. However, human annotations of physician’s gaze were provided
pertaining to the multi-channel view. The annotation time were relative to the multi-channel video. Therefore, the
multi-channel video was subjected to further image processing. The doctor-centered frame from the multi-channel
video were cropped out to make sure the frames and the class labels are synchronized correctly.
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4.2.2. LABEL EXTRACTION
The labels originally provided by humans were categorized in sequences. For example, the video sequence from
00:01 seconds to 00:02 seconds were labelled “Class 0”. We needed to convert the sequence-level labels to frame
level. By applying the frames per second of 29.97, we converted the labels to frame-level. In this example, the 1:00
second was converted into 30th frame. Hence, frames from 30 to 60 were labelled as “Class 0”.

4.2.3. INSTITUTIONAL DATA
Only 6 minutes of data from each interaction were used in model building. Hence, 6 minutes of data was chosen
from each of the 101 interactions through manual analysis. While selecting the 6 minutes of data, it was made sure
that the cropped data consists of a balanced labelling of data. While doing manual analysis, various anomalies were
found in the data such as missing doctor from the clinic room, wrong-camera setup, etc., As a result, the number of
interactions per institution were reduced as shown in the Table II.
TABLE II: SHOWN ARE THE INTERACTION INDICES PERTAINING TO EACH INSTITUTION

Institution
1
2
3
4
5
6
7
8
9

Interactions pertaining to each institution

3, 4, 6, 7, 35, 36
17, 26, 27, 28, 29, 31
9, 12, 13, 14, 15, 16
22, 23, 42, 43, 51, 52
32, 33, 34, 48, 49, 50
38, 46, 47, 55, 56, 57
60, 63, 64, 65, 68, 72
77, 78, 79, 84, 98, 100
1, 2, 59, 66, 67, 73, 74

101 interactions were reduced as shown in table. Each institution consists of 7 interactions each to maintain
consistency across institutions. Institutions 1 through 8 were considered to be a part of the “Institutional
Collaboration”. Institution 9 was kept outside of the federated and was used for evaluation.

4.3. FEDERATED LEARNING IN GAZE RECOGNITION
8 institutions were participating in federated learning and each institution consisted of 7 interactions. Of the 7
interactions, 1 interaction per institution was held out for internal validation. One held out interaction from each
institution constitutes the validation dataset and was used for evaluating the global model. The validation data was
further classified into internal and external validation data. The held-out interactions from each of the institution
within federation was called as the internal validation and the interactions from outside of the federation was called
as the external validation data. Table III shows the data used for training, testing, internal validation, and external
validation from each institution.
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TABLE III: SHOWN ARE THE INTERACTION INDICES PERTAINING TO TRAINING AND VALIDATION DATA

Institution

Interactions used for training and
testing

Interactions used for
internal validation

Interactions used for
external validation

1
2
3
4
5
6
7
8
9

3, 4, 6, 7, 35, 36
17, 26, 27, 28, 29, 31
9, 12, 13, 14, 15, 16
22, 23, 42, 43, 51, 52
32, 33, 34, 48, 49, 50
38, 46, 47, 55, 56, 57
60, 63, 64, 65, 68, 72
77, 78, 79, 84, 98, 100
-

37
40
19
54
80
58
75
101
-

1, 2, 59, 66, 67, 73, 74

The global model trained and aggregated is evaluated against the validation data. 6 interactions from each
institution constitute to model training and testing (Figure 7). Of the 6-minute from each interaction, the first 4
minutes of data is used for training and the next 2 minutes are used for testing. In federated learning, each of the 8
institutional model follow the same architecture. The models use Adam optimizer [44] and the batch size was 32.
Figure 7 shows the interaction data split for training and validation.

FIGURE 7: DATA SPLIT INTO TRAINING, TESTING, INTERNAL VALIDATION AND EXTERNAL VALIDATION SET

In Federated Learning algorithm, a global model is created by iteratively training local models and aggregating on
the model weights. In this work, the centralized topology is implemented.
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Algorithm 1. Example of a FL algorithm via Hub & Spoke (Centralized topology) with FedAvg aggregation.
Require: num_federated_rounds T
1. procedure AGGREGATING
2. Initialize global model: W(0)
3. for t ← 1 ⋯ T do
a. for client k ← 1 ⋯ K do ⊳ Run in parallel
b. Send W(t−1) to client k
c. Receive model updates and number of local training iterations from client’s local training
(𝑡−1)

d.

(𝛥𝑤𝑘
, 𝑁𝑘 ) from client’s local training.
end for
1

(t)

4.

W ← W(t-1) +

5.
6.
7.

end for
return W(t)
end procedure

Σk

(t−1)

(Nk ⋅ ΔWk

)

where wk 𝑑𝑒𝑛𝑜𝑡𝑒𝑠 𝑡ℎ𝑒 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑙𝑜𝑐𝑎𝑙 𝑚𝑜𝑑𝑒𝑙, 𝛥𝑤𝑘 𝑑𝑒𝑛𝑜𝑡𝑒𝑠 𝑡ℎ𝑒 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑤𝑒𝑖𝑔ℎ𝑡𝑠, k=1, 2, … 8

denotes the index of the institutions, W denotes the global weights, t denotes the round of federation.
As per the above algorithm, 8 local client models were trained on local institutional data. All the 8 local models
followed the same network architecture as shown in Figure 8. The model follows VGG-16 and the weights were
transformed using transfer learning. The bottom layers consisting of convolutional layers and max pooling layers
were borrowed from VGG-16. The top layers were modified and the last convolutional layer from the VGG-16 was
fine-tuned for better feature mapping. All the other layer weights were maintained. As a round zero of federated
learning, all the 8 individual models were initialized with the same architecture as shown in figure, same hyperparameters, and random initialized weights. The class labels fed into local models were also held the same. Having
the same architecture and same class labels were the two constraints we held.

FIGURE 8: CONVOLUTIONAL NEURAL NETWORK ARCHITECTURE OF LOCAL MODELS

After complete training of the models using local institutional data, the model weights were then shared with the
centralized server for aggregation. The centralized server then aggregated the model weights using the federated
algorithm. The aggregated weights were then shared back to the local institutions for the next round of training. The
local models were trained 4 times, creating a global model at the end of each federation round. These 4 global
models were then evaluated against the validation data. The federated learning approach was held for 4 times due
to time constraints. However, in an ideal scenario, the training would continue until a target is achieved or when the
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training becomes saturated and there is no further gain. A collaborative data sharing model, meaning a single model
trained using all available data (global data) can also be used as a baseline and this performance can be set as a
benchmark.
At the end of the federated learning rounds, the global weights were transferred to the local models, and the local
models were trained one more time locally on local data. The hypothesis is that the local training would fine-tune
the global model to local data and would boost the performance of the local institutions. These locally fine-tuned
models were then evaluated against its local validation data and the external validation data as well.

4.4. COLLABORATIVE DATA SHARING MODEL
Collaborative Data Sharing Model (CDS) is one in which data from all the institutions were gathered together and a
single model was built. Data from Table III were again used for training, testing and validation of the model. In this
scenario of CDS, a single model was built using the data from 8 different institutions. The model followed the same
architecture shown in Figure 8. The model was run for 100 epochs with a batch size of 32 and using the Adam
optimizer. The model was evaluated against internal and external validation data.

5. RESULTS AND ANALYSIS
To evaluate the performance of our methodology, we used two different approach. In one approach, the global
models were evaluated against each interaction in the validation data. Table IV shows the accuracy of the global
models.
TABLE IV: PERFORMANCE OF THE GLOBAL MODELS ON INDIVIDUAL VALIDATION INTERACTIONS AT THE END OF EACH FEDERATED ROUND

Global Model #1
Global Model #2
Global Model #3
Global Model #4

Ins #1
79.48%
77.17%
82.98%
85.34%

Performance of the global models at the end of federated rounds
Internal Validation
Ins #2
Ins #3
Ins #4
Ins #5
Ins #6
Ins #7
64.19%
81.67%
74.50%
61.74%
68.90%
67.14%
69.98%
83.48%
74.23%
64.59%
73.87%
72.66%
73.37%
79.70%
75.94%
63.39%
74.23%
77.49%
75.20%
85.38%
76.90%
62.26%
74.99%
78.45%

Ins #8
68.30%
73.28%
75.93%
80.45%

The result, overall, shows increase in the performance of the global models over federated rounds. This increase in
performance also exhibits the effectiveness of the federated learning algorithm. The global models showed both
increase and decrease in performance between each round across different validation data. However, overall, the
global models improved and at the end of 4 rounds of federation, the performance was better than where than the
starting performance. As a second approach, we evaluated the global models at the end of each round on the whole
validation data. Table V shows the performance of the global models on the validation data.
TABLE V: PERFORMANCE OF THE GLOBAL MODELS ON INTERNAL VALIDATION DATA

Global Model #1

Global Model #2

Global Model #3

Global Model #4

Accuracy

68.28%

72.49%

74.88%

75.25%

AUC Score

0.62

0.68

0.69

0.69

The results again showed that the performance increased through federated rounds, with small improvements. Both
accuracy and AUC score show that the global models improved over federated rounds. After the end of 4 federated
rounds, the global models were trained one more time locally on local data. This was called the fine-tuning of the
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model to local data. The performance of the local models without any federation, the global models and the finetuned models were studied. Figure 9 shows the performance comparison between different models. The blue dots
were the local model trained and evaluated against its own validation data, orange dots were the global models
evaluated against individual data, and the grey dots were the fine tune global models evaluated against its own
validation data.

Performance comparison between different
models on individual validation data
100.00%

Accuracy

80.00%
60.00%
40.00%
20.00%
0.00%
0

1

2

3

4

5

6

7

8

9

Local model trained on local data
Global model after 4 federated rounds
Global model + One local training (Fine-tuned Mode)
FIGURE 9: COMPARISON OF LOCAL, GLOBAL AND FINE-TUNED MODELS ON INDIVIDUAL VALIDATION DATA

The graph shows an overall trend in the performance of each institution’s validation data. It can be noted that 7 of
the 8 grey dots lie over the blue dots. This trend means that the local models predicted physician gaze with better
accuracy after federated learning. The fine-tuned local models after federation perform better than the local models
without any federated learning. The exception was in the Institution #3 model. The performance of the local model
was higher than the global model and fine-tuned model. This was exception as the performance dropped after
federated learning. Although, there was a 2% drop in the performance the model still performed with high accuracy
of 87%. Also, it has to be noted that the orange dots stayed lower than the grey dots in 7 out of the 8 cases. This
showed that the fine-tuned model saw an increase in the performance with one round of local training. Overall,
evaluating the models against the validation set in different ways, the results showed that the global models kept
improving with each additional round of federated learning. Also, additional fine-tuning showed increase in the
performance of the global models on local data.
The global model and the fine-tuned models were also evaluated against the external validation data. Table VI shows
the performance of the global models on external validation data. The results are centered around 50% and these
performances would be rated poor given the task at hand was a binary classification.
TABLE VI: SHOWS THE PERFORMANCE OF THE GLOBAL MODEL ON EXTERNAL VALIDATION DATA

Accuracy

Global Model #1

Global Model #2

Global Model #3

Global Model #4

47.65%

54.92%

51.39%

55.77%

Even though the global models performed well and improved over federated rounds on the internal validation data,
the global models performed poorly on the external validation data. These results show that the institutions taking
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part in the federation can improve the models over federated rounds, while the institutions outside of the federation
don’t. The global models trained on local data from institutions within federation using FL see improved performance
over time and these global models are seen to perform well all the local institutional level validation data. This
solidifies the importance of federated learning furthermore. Looking at the results, it can be safely concluded that
institutions taking part in federated learning can reap benefits over time and how easily could the local institutions
improve performance. Further, the fine-tuned models were also evaluated against the external validation data. Table
VII shows the performance of the fine-tuned models on external validation data. As in the case of global models, the
fine-tuned models also perform poorly on the external validation data. This further solidifies our understanding of
federated learning algorithm.
TABLE VII: SHOWS THE PERFORMANCE OF THE FINE-TUNED MODELS ON EXTERNAL VALIDATION DATA

Fine-tuned Models

Accuracy

FT_Model_#1

48.89%

FT_Model_#2

54.96%

FT_Model_#3

58.71%

FT_Model_#4

54.22%

FT_Model_#5

46.37%

FT_Model_#6

32.11%

FT_Model_#7

53.64%

FT_Model_#8

52.33%

Further, TABLE VIII shows the performance of the collaborative sharing model on internal and external validation data.
The CDS model was able to achieve a performance of 65.32% on the internal validation data, whereas the global
model at the end of 4 federated round achieved a performance of 75.25% on the internal validation data. This result
shows that the models trained using federated learning is more efficient than the traditional data sharing
approaches.
TABLE VIII: PERFORMANCE OF THE COLLABORATIVE DATA SHARING (CDS) MODEL ON VALIDATION DATA

Internal Validation

External Validation

Accuracy

65.32%

58.30%

AUC Score

.6938

.5489

Overall, the result show that the global model makes steady improvements in the performances over federated
rounds and that the local institutions taking part in the federated have a significant gain when compared to the local
institutions outside of the federation. The gain of local institutions measured by its performance on the local data
also show a steady increase over federated rounds. It is also seen that fine-tuning of the global model with local data
helps local institutions improve its performance.
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6. CONTRIBUTIONS
The contribution of this work is thus 2-fold. One – federated learning algorithm was put into test in the gaze
recognition problem. Institutional data from different local institutions were used to train local models and the local
models were aggregated using the federated learning aggregation algorithm for 4 rounds of federation. The result
provides evidence that the global models trained using federated learning is efficient than the local models and the
collaborative data sharing models.
2nd contribution is the introduction of fine-tuning within federated learning approach. To our knowledge, nobody
has ever fine-tuned the global models created using FL. In this study, the global model trained at the end of federated
learning was trained one more time locally in local institutions on local data. This additional local training is called
fine-tuning and the results show that the local institutions can not only improve their performance using federated
learning, but also improve the performance using fine-tuning.

7. CONCLUSION AND FUTURE WORK
Federated learning algorithm was used as a solution to collaborative learning. Data available across multiple
institutions were leveraged to build a robust gaze recognition model capable of predicting physician gaze across
diversely distributed data. Federated learning approach was adopted, and local models were trained, aggregated,
and evaluated against local held-out validation data. The study extensively evaluated the efficacy of the algorithm
and showed improved performances with just 4 rounds of federated learning. The models were trained on
decentralized data where no data was transferred between the institutions. The increase in the performance of the
global models clearly showed the efficacy of the federated learning algorithm. The global models trained using
federated learning were shown to improve over federated rounds of training. The institutions taking part in the
federation were seen to benefit from the federated learning approach. The study also introduced a new paradigm
of fine-tuned models in federated learning approach. The study showed that fine-tuning can help the local
institutions to improve the performance. Through this study, the research questions on focus were answered as
follows: global models make steady improvement over federated rounds and perform better than the local models
and the collaborative data sharing model (CDS) as well; local institutions taking part in the federated has a significant
gain when compared to the local institutions outside of the federation; fine-tuning of the global model with local
data helps local institutions improve its performance.
One of the limitations of the work was limiting the number of federated rounds to 4. However, this was due to the
time constraints. Other limitation was the constraints we held for local models – the local models had to follow the
same architecture and same class labels for the federated learning to be performed. this study thus concludes by
showing the ability to build diverse model without sharing of data. The concern with data sharing was that data
storage and sharing is tightly regulated with strict policies in place. Although federated learning eliminates the need
for data sharing reducing the risk of data breach, training data could be reconstructed from the global model weights
through model inversion. The data used in this study has identifiable features regarding the patient and hence the
transfer of model weights between collaborators poses as a risk. However, research shows that this caveat is being
solved by disrupting model inversion by adding noise to the model weights. This is still an active field of research, as
federated learning itself is still raw. The future work of this study would be in dealing with the privacy concerns
regarding federated learning.
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